Introduction
first suggested an ingenious survey model called randomized response (RR) technique to procure sensitive information from respondents without disturbing their privacy by using a randomization device which was composed of two questions. One was sensitive and the other was non-sensitive:
Question 1: Do you have a sensitive attribute A? (with probability P ), Question 2: Do you have a non-sensitive attributeĀ? (with probability 1 − P ). The probability of a "Yes" answer is given by φ W = P π + (1 − P )(1 − π).
(1.1)
Let nφ W be the number of "Yes" answers in a random sample of n respondents, the estimatorπ W and it's variance V (π W ) of sensitive proportion π are respectively,π
Assume that a simple random sample with replacement (SRSWR) of size n respondents is selected from the population of interest. Each respondent is to report the first outcome of R 1 if he/she has a sensitive attribute A and the second outcome of R 2 if he/she does not have a sensitive attribute A.
The probability of a "Yes" answer φ K is given by
(1.4)
Let nφ K denote the number of "Yes" responses in the sample of size n, the estimatorπ K of π , the proportion of the population in the sensitive group, and it's variance V (π K ) are given byπ
(1.6) Recently, Su et al. (2014) suggested a new RR model compelling answers "Yes" or "No" to each respondent according to his/her selection situation in the randomization device which modified Kuk's randomization device.
It has been a difficult problem for social survey statisticians to deal with nonresponse and noncoverage of survey data. The respondents are unlikely to respond to the survey especially when sensitive questions related to their privacies are asked. In order to adjust the survey nonresponse, we can use auxiliary information to improve the precision of the estimator for the population parameters such as total, mean, and proportion using external data. In terms of calibration procedure, Deville and Särndal (1992) , and Deville, Särndal and Sautory (1993) suggested the calibration estimator according to the distance functions. Tracy et al. (1999) suggested the calibrated estimator of the quantitative RR survey for the quantitative sensitive characteristics, and they suggested the highorder calibration method using the population variance of the auxiliary variable. Recently, Son et al. (2010) suggested the calibrated RR estimators of qualitative sensitive question survey, and they showed that the calibrated RR estimators are more efficient than that of Waner's and Mangat model.
In this paper, we suggest the calibrated estimator of Su et al. (2014) adjusted Kuk's randomized response technique using auxiliary information such as demographical variables associated with the variable of interest.
In Section 2, we review the adjusted Kuk's RR model suggested by Su et al. (2014) . Section 3 proposes the calibration procedure for Su et al.'s RR model, and Section 4 introduces the conditional and unconditional properties of the calibrated RR estimators. Section 5 is devoted to the simulation and a real survey data study in order to compare the efficiencies between the calibrated adjusted Kuk's RR estimators and the original Kuk's RR ones, and Section 6 provides the conclusion.
Review of adjusted Kuk's randomized response model
In this section, we review the adjusted Kuk's RR model suggested by Su et al. (2014) . Su et al. estimated the proportion of sensitive attribute by suggesting an adjusted Kuk's one. They consider selecting a SRSWR sample of n respondents from the given population of interest. Each respondent in the sample of n respondents is provided with two randomization devices, D 1 and D 2 . The randomization device D 1 consists of a deck of cards, each card bearing one of two types of statements: (1) Use randomization device F 1 and (2) use randomization deviceF 1 with probabilities θ 1 and (1 − θ 1 ), respectively. Similarly, the randomization device D 2 consists of a deck of cards, each card bearing one of two statements: (1) Use randomization device F 2 and (2) use randomization deviceF 2 , with probabilities θ 2 and (1 − θ 2 ) respectively. Each respondent is instructed to use the first device D 1 if he/she has the sensitive attribute A, and to use the second device D 2 if he/she has the non-sensitive attributeĀ.
The device F 1 mentioned by the first outcome of device D 1 consists of two possible mutually exclusive statements: (1) Say "Yes" and (2) say "No" with probabilities P 1 and (1 − P 1 ), respectively. The deviceF 1 mentioned by the second outcome of device D 1 also consists of two possible mutually exclusive statements: (1) Say "Yes" and (2) say "No" but with probabilities T 1 and (1 − T 1 ), respectively. Similarly, the device F 2 mentioned by the first outcome of device D 2 consists of two possible mutually exclusive statements: (1) Say "Yes" and (2) say "No" with probabilities P 2 and (1 − P 2 ), respectively. The deviceF 2 mentioned by the second outcome of device D 2 also consists of two possible mutually exclusive statements: (1) Say "Yes" and (2) say "No" but with probabilities T 2 and (1 − T 2 ), respectively. A pictorial representation of such a proposed forced randomized response model is given in Figure 1 .
In the adjusted Kuk's RR model, the probability of a "Yes" answer is given by: where π is the population proportion of sensitive attribute.
The estimatorπ s of the population proportion of sensitive attribute iŝ
n is the observed proportion of "Yes" answers in the sample. The variance of the proposed estimatorπ s is given as follows:
If the respondents are selected by simple random sampling without replacement (SRSWOR), then the variance of the proposed estimatorπ s is given as follows:
(2.4)
Calibration procedure
The RR survey for sensitive attribute has the limitation to the use of auxiliary information for the privacy protection of respondents. Nevertheless, auxiliary information of respondents of the RR survey may be available some socio-demographical auxiliary information such as gender and age in the population level. In this sec- 
Known population cell counts
Let y k be the binomial variable with parameter φ. The sample respondents are selected by simple random sampling without replacement (SRSWOR). Then the population proportion reporting "Yes" to RR question is defined byȳ = N −1 U y k and the counterpart of the sample isŷ = N −1 s d k y k , where d k = 1/υ k is the sampling design weight. The auxiliary information τ x = k∈U x k is given in the form of known cell counts in contingency table with two dimensions as follows: N 12 , . . . , N ij , . . . , N rc ) .
(3.1)
For Su et al.'s RR model, the sample proportion of answering "Yes",ȳ, can be rewritten as follows:ȳ
where the original sampling weight is d k = N/n for SRSWOR. The original sampling weight d k is replaced by the new weight w k = d k N ij /N ij , and then the calibrated sample proportionȳ is given bȳ
the post-stratified Su et al.'s RR estimator is given bŷ
is the observed proportion of "Yes" answers in the sample cell (i, j ).
Proof. From (2.2) the Su et al.'s RR estimatorπ c , we can rewrite a sample proportion as (3.3) under SRSWOR and then the post-stratified RR estimator is given
.
The only known population marginal counts
We consider using the knowledge of population cell counts of the auxiliary variable in the previous calibration procedure. But if we only know the population marginal counts from auxiliary information, we can use the knowledge of marginal counts in calibration procedure as the following, 5) where
N ij . From (3.5), we define the auxiliary variable vector x k = (δ 1·k , . . . , δ r·k , δ ·1k , . . . , δ ·ck ) , where δ i·k = 1, if the respondent k is in row i and 0 otherwise, δ ·jk = 1 if the respondent k is in column j and 0 otherwise.
We denote the Lagrange multiplier as ϕ = (u 1 , . . . , u r , v 1 , . . . , v c ) so that we can express x k ϕ = u i + v j , which can be written as F (x k ϕ) = F (u i + v j ), where F = (∂G/∂w) −1 is defined as Deville and Särndal (1992) . The calibration equations are
where u i and v j are determined by iterative computation.
We can obtain the calibrated cell counts estimateN w ij =N ij F (u i + v j ), and then the calibrated weight is w k = d kN w ij /N ij . As a result the calibration estimator for population proportion φ is given bȳ 
Proof. Refer to the proof of Theorem 3.1.
Variances and its estimator of calibrated Su et al.'s RR estimators
In this section, we investigate the conditional and unconditional properties of the calibrated Su et al.'s RR estimator. The conditional variance given the cell or marginal count of population, V (·|N), can be derived from the cell or marginal information of population level, and the unconditional variance is derived from the double expectation of estimates. In addition, we derive the variance estimator of the proposed calibration RR estimator.
Conditional variances
We consider a row effect and a column effect in two-way contingency table for RR survey data. Let the two cross effect factors explain the population proportion reporting "Yes" for RR questions, then we parameterize the finite population using the ANOVA representing that for respondent k in population cell 
is an interaction term, and R k = y k − φ ij is the deviation from φ ij = U ij y ij /N ij , where φ ij represents the population proportion of "Yes" to the RR question in cell ij . The restrictions for the interaction term are
The variable of interest y k can be written as y k = α i + β j + L ij + R k , so that the calibrated Su et al.'s RR estimator can be expressed bȳ 
Let the population proportion answering "Yes" for the RR question, φ = N −1 U y k be denoted by the left-hand side of equation (4.5), then we can express the error ofȳ cal as
Similar to (4.6), the error of the post-stratified estimatorȳ post is
The conditional biases B c = B(·|N) of the estimators of population means,π post andπ cal , can be expressed by
respectively. From (4.8) and (4.9), the conditional expectation is E c (R ij ) = 0 or nearly 0 for all i, j , because the sampling design is SRSWOR. Then the inclusion probability υ k is constant. The conditional bias of post-stratified estimator B c (π post ) ≈ 0, whereas B c (π cal 
For a large sample,N w ij is closed to N ij , and then the conditional bias ofȳ cal is asymptotically equal to that ofȳ post . 
Also, the conditional variance of calibration Su et al.'s RR estimatorπ cal is
If the interaction terms L ij are negligible in (4.9), then the conditional variances ofπ cal are equal to the conditional variances ofπ post replacingN w ij by N ij . Ordinarily, it is reasonable that the conditional variances of the calibration estimators are larger than the conditional variances of the post-stratified estimators. Also, we note the conditional bias of the post-stratified estimators are unaffected by interaction, whereas that of the calibration estimators depend on interaction.
Unconditional variances
The unconditional variance is V (·) = E(V c ) + V (B c ), we can derive the unconditional variances of calibrated Su et al.'s RR estimatorsπ post andπ cal .
Theorem 4.1. The unconditional variance of the post-stratified Su et al.'s RR estimator can be expressed by
Proof. By Cochran (1977) , the size of sample cell n ij is the random variable with E(n ij ) = n(N ij /N), V (n ij ) = nN ij /N(1 − N ij /N) for the post-stratification. n ij can be expressed by
Thus the 1/n ij can be written
Then the expectation of 1/n ij is
Substitute E(n ij ) = n(N ij /N) and (4.13) into the expectation of (4.10), and after some algebra, we can obtain (4.12).
Theorem 4.2. The unconditional variance of calibrated Su et al.'s RR estimator is given by
Proof. We can obtain the first and second terms of right-hand side in (4.14) from Theorem 4.1 replacingN w ij by N ij . For the third term of (4.14), the variance of conditional bias becomes V (B c (π cal )) = V ( i jN w ij L ij ) from (4.9) as follows:
From the unconditional variances of the calibrated Su et al.'s RR estimator (4.14), the first term of the unconditional variances equals the post-stratified variance replacingN w ij by N ij . Therefore, if E(N w ij ) ∼ = N ij for large sample, then the last terms of the (4.14) is negligible. Hence, the unconditional variance of the calibrated Poisson RR estimator equals to that of the post-stratified Su et al.'s RR estimator.
Variance estimation
The variance estimator of calibrated Sue et al. RR estimator can be derived from the calibration procedure. In Section 4.1, we assumed the two-way ANOVA model as y k = α i + β j + E k in population level. Then we can consider sample level model as y k =α i +β j + e k . The variance estimator is calculated from the sample-based calibration equations as follows: 
5 Efficiency comparison study
Numerical comparison
We assume the population with rows and columns in contingency table according to auxiliary variables with 2 × 2 dimensions. As discussed in Deville et al. (1993) , this dimension of the population and sample contingency table can be extended to more than 2 × 2 dimensions. We generate a population with size N (=10,000), and then it classifies with 2 × 2 table according to size of random generated number. Table 1 shows the population distribution of the respondents, each cell count denoted by N ij , which can be known from the socio-demographic information for respondents. Let N i+ and N +j denote the row and column marginal counts, respectively. If the population cell counts N ij are known, then we can use the poststratified estimator, and if these counts are unknown but the marginal counts N i+ and N +j are known, then we can use the calibration estimator. Table 2 describes the sample distribution of the respondent selected by SR-SWOR with size of n (=1000) and each cell count n ij observed from the survey.
We obtain the response set of size 200 from the sample Table 2 according to a given sample proportionȳ of reporting "Yes" to a sensitive attribute as followed by Table 3 .
As a result, we calibrate the proportion of respondents reporting "Yes" in sample cells according to the available information N ij or N i+ and N +j . We compute the unconditional variance of calibration and ordinary Su et al.'s RR model changing the population proportion π for sensitive attribute and the selection probabilities P 1 , P 2 , T 1 and T 2 . We compare the relative efficiencies (RE) between the unconditional variance of the calibration Su et al.'s RR estimator as follows:
where V (π cal ) represents the variance of post-stratified and calibrated estimator. From Table 4 and Table 5 , we found that the post-stratified Su et al.'s RR estimator is more efficient than of original Su et al.'s RR estimator. When a population proportion of a sensitive attribute is small, that is less equal than 0.4, then the poststratified estimator is more efficient. But if a population proportion of an sensitive attribute is greater than or equal to 0.6 and selection probabilities of RR question P 1 , T 1 and T 2 are over 0.8, then the RE of our post-stratified estimator is less than 1. Table 6 and Table 7 . The RE of calibration estimator is less than that of the post-stratified estimator because the former uses the marginal information in the weighting adjustment procedure, and on the contrary the latter uses the cell information of population level. From Table 7 , when the population proportion of sensitive attribute is over 0.5 and the selection probabilities P 1 , T 1 and T 2 are over 0.8, we can find that the RE of calibration estimator is less than 1. When the selection probabilities of RR question P 1 , P 2 , T 1 and T 2 are increasing to 0.9 then the efficiency of proposed calibration estimator is decreasing. As a result, our proposed calibration estimator is more efficient than the Su et al.'s RR estimator except in the case of the large value of proportion of sensitive attribute. It means that the calibration RR estimator which uses auxiliary information of respondent such as socio-demographic variables, gender, age group or dwelling area can improve the original RR estimator although the available information is limited to protect the respondent privacy.
Comparison for real survey data
In this section, we consider the proposed estimation method using the poststratification and calibration with real survey data. We obtained data from undergraduate students (50 for freshman and sophomore years) in the Department of Applied Statistics at Dongguk University in Gyeongju. Table 8 shows the population and sample distribution according to gender and grade/year. 
From Su et al. model with probabilities θ 1 = 0.2, P 1 = 1/6 and T 1 = 2/6 for randomization device D 1 and θ 2 = 0.3, P 2 = 4/6 and T 2 = 2/6 for randomization device D 2 , respectively. In order to answer the question, the respondents used the mobile phone two apps with spindle having 0∼9 score to determine probabilities θ 1 and θ 2 and dice to determine P 1 , T 1 , P 2 and T 2 . We obtain the response set of size 50 from Table 8 according to a given sample proportionȳ of reporting "Yes" to a sensitive attribute as followed by Table 9 using the randomized response questionnaire in the Appendix. To compare efficiency between the directed question and randomized response model, we use the directed question and Su et al. model for the same group. The students answer the following for the directed question:
Question: Have you ever felt the sexual impulses to men or women in your class?
In Table 10 , we obtain the estimates from surveyπ D = 0.14 for the directed question,π Su The relative efficiency is 1.029 and 0.93 for the post stratified and calibrated estimator so that the post stratified estimator is more efficient than Su et al. model. As from Table 4 to 7, the proposed estimates are less than 1 for some probabilities P 1 , T 1 , P 2 and T 2 . We find that the post-stratified estimator is more efficient than the Su et al. model but the calibrated estimator is not.
Concluding remarks
This paper considered the calibration procedure to reduce the variances of estimators for Su et al. (2014) which adjusted Kuk's RR estimator. Although the RR survey has a limitation of using auxiliary information for a privacy protection of respondents, we can use any auxiliary variable for respondents such as socio-demographic variable. In this respect, we suggest the calibrated Su et al.'s RR estimator to improve nonresponse and noncoverage.
From the simulation study to compare the proposed and ordinary estimator, we find that the suggested estimators are more efficient than the existing ordinary Su
